Social capital has proven to be a useful concept, but has been ill-defined and not wellmeasured in the economics literature. We propose a different empirical method for measuring social capital, latent class analysis, based on the idea that social capital is an unobservable multidimensional construct. We explain and demonstrate the construction of latent classes that measure an individual's social capital using data from the General Social Survey. We then show our proposed method allows meaningfully different conclusions about the accumulation of social capital than those obtained by previous research. Specifically, we present evidence consistent with the hypothesis that higher income influences social capital accumulation because of a higher opportunity cost of time. In addition, we find evidence for complementarities in social capital accumulation within an individual's peer group.
Introduction
In the last few years, the concept of social capital has proven to be useful to economists in a wide range of fields because it helps to explain how individual and country-level social values and norms influence economic behavior and impact the successful design and implementation of economic policies.
1 However, as many researchers have pointed out, the concept has been ill-defined and imperfectly measured; often the measurement of social capital has implied the definition. This paper contributes to the literature by proposing and applying a new method to measure social capital, latent class models, based on the idea that social capital is an unobservable multidimensional construct.
Our work is motivated by the varying definitions and uses of the term social capital in the economics literature. Even a casual reading of the literature will show that this potentially useful concept takes on many forms. Sobel (2002) describes social capital as circumstances in which individuals can benefit from group membership. The World Bank, however, focuses on social capital as an aggregate, stating on its web site that it is the "norms and networks that enable collective action." Still others focus not on social connections and group membership, but on trust among individuals. The seminal paper by Knack and Keefer (1997) showed an important role for trust at the country level in explaining economic growth, while, at the individual level, Karlan (2005) uses laboratory experiments to measure trust, arguing that these experiments measure social capital and are helpful in explaining individual behavior. However, Guinnane (2005) argues that trust is not a useful concept at all because it cannot be separated from the quality of institutions. Finally, Durlauf and Fafchamps (2004) discuss the many different definitions of social capital in empirical research and assert that research on social capital is plagued by "conceptual vagueness." Thus, the concept of social capital has been broadly defined and even more broadly applied, running the risk of becoming a useless catch-all concept.
Rather than proposing another definition of social capital, we focus on two common basic components of the term to motivate our methodology. First, social capital is a multidimensional concept: it can embed multiple manifestations of civic engagement as well as trust and fairness. A useful measurement of social capital must account for as many of these dimensions as possible. Secondly, as researchers have pointed out, unlike physical or human capital, social capital is not necessarily beneficial to society at large (Durlauf and Fafchamps, 2004 ) -we can think of, as extreme cases, widespread civic engagement in Nazi Germany and involvement in terrorists and racist networks. More generally, individuals' values and socio-economic characteristics can attract them to different types of social networks that have, in turn, different effects on the economic system. Furthermore, an emphasis on the types of social capital is important from the point of view of public policy since, as Durlauf and Fafchamps (2004) argue, "it is social structures, not their consequences, which can be influenced by policymakers." This emphasis on the typology of social capital becomes important in empirical applications.
Much of the discussion about Putnam's claim in Bowling Alone (2000) that civil engagement in the United States has declined centers on how civic engagement itself is measured. In particular, Durlauf and Fafchamps (2004) and Skocpol (2003) have argued that it is more appropriate to talk about changes in the nature of civic engagement than to talk about changes in the quantity of civic engagement. Thus, we must apply a methodology that generates a typology of social capital that accounts for the different incentives that networks provide and the various and even divergent effects that those networks might have on economic choices and outcomes.
We propose applying latent class models. This methodology is very promising because it approaches social capital as a multidimensional concept that can embed different aspects of the term used in the literature (group membership vs. trust) and, in doing so, allows for more nuanced conclusions about the amount and type of social capital possessed by individuals, how it is accumulated, and its impact on economic behavior. While our paper focuses primarily on identifying social capital in individuals, we discuss in the conclusion how our approach could be applied to the measurement of social capital at the country level.
In an example that compares our approach to recent findings, we show that measuring the types of social capital individuals hold does matter. Specifically, we replicate the models in Glaeser, Laibson, and Sacerdote (2002 loadings to obtain a meaningful interpretation of the solution. Latent class analysis, on the other hand, is model-based and there exist formal criteria to decide on the dimensionality of the latent variable, that is, there are formal criteria to decide on the number of types of social capital that are present in the data. In addition, the interpretation of latent classes is based on the structure of their conditional probabilities.
More importantly, PCA and FA assume that the observed indicators and the unobserved underlying factors are continuous and normally distributed. In some cases, however, it is more reasonable and in accordance with the theory to assume that social capital is a categorical variable and to characterize individuals according to the types of socialcapital networks they belong to. Moreover, as we noted earlier, from the point of view of public policy it might be more important to measures types of social capital rather than the amount of social capital.
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In what follows, we first introduce our empirical approach to measuring social capital using latent class analysis, we then discuss the results of our latent class models.
In Section 4 we use the results of the latent class models in an estimation that mirrors that of Glaeser, Laibson, and Sacerdote (2002) to demonstrate that our proposed approach to empirically treating social capital generates new insights about social capital formation.
Section 5 summarizes the findings and discusses further applications of latent class models to the economics of social capital.
Using Latent Class Analysis to Measure Social Capital
In this section we describe and motivate the use of latent class analysis in order to measure social capital using 18 questions from the General Social Survey (GSS) that are common proxies for networks, norms, and trust. We use sixteen questions about membership in voluntary organizations and two questions regarding whether people can generally be trusted and whether other people are fair or try to take advantage of others.
Our approach is to categorize individuals into types of social capital using a latent class (or finite-mixture) model that assigns people to classes that vary in the pattern of their probability structure. Although we believe our approach has many advantages, naturally, it also has limitations. In particular, data availability restricts us to considering the number of memberships rather than the strength of engagement in groups when classifying individuals into different social capital groups. However, this criticism can be rightly levied at many empirical studies of social capital. To some extent, our treatment of social capital, which also incorporates attitudes towards trust and fairness and uses membership in groups only as indicator variables of the latent class somewhat addresses this concern, though we admit it does so imperfectly.
The Method
Intuitively, one might think of latent class analysis as an alternative to using dummy variables that correspond to unique response patterns. Latent class models are part of the family of finite mixture models firmly grounded in a probability framework that allows model testing and the calculation of goodness-of-fit measures. Although latent class analysis has been applied to several social issues (see, for example, Patterson et al. 2002; and Biemer and Wiesen, 2002) , it is still a fairly novel methodology in the economics literature. (See Boxall and Adamowicz, 2002; Greene and Hensher, 2003; Clark, Etile, Postel-Vinay, Senik and Van der Straeten, 2005; and Morey, Thacher, and Breffle, 2005) . Both on theoretical and practical grounds, however, latent class analysis is a promising approach to the study of social capital.
We can provide a more formal definition of our approach by noting that, in generalized linear models, explanatory variables, represented by a vector , influence individual's i response Y through a linear predictor v . For dichotomous responses, the conditional probability of response 1 can be modeled as a logistic regression:
To analyze responses that measure aspects of social capital, we expand this model by assuming individuals belong to one of S unknown classes s = 1,…, S. The unconditional probability is modeled as a finite mixture of S unknown classes:
where: 
The conditional probability that an individual in latent class s responds "yes" to indicator k is modeled as a logit equation:
where ks β is a free parameter. It is possible to include observed variables to predict class membership. We estimate models that include year dummy variables so that the probability of an individual belonging to a particular class depends on the year the responses were obtained. This modeling is similar to a fixed-effects approach. Let be a vector of year dummies. Then, the conditional probability is: We discuss the structure of the latent classes by comparing conditional response probabilities for each indicator given latent class membership. In addition, we calculate posterior probabilities using Bayes theorem:
After calculating posterior probabilities, we assign each individual to the latent class for which she has the highest posterior probability (empirical Bayes modal classification rule). The resulting characterization of each individual as belonging to one of S classes constitutes our typology of social capital.
Although equation (4) implies responses to the indicators are independent given latent class membership, it is possible to relax this assumption of local independence by including direct effects, that is, by combining any pair of dichotomous variables into one item and modeling the four potential response patterns (0,0), (1,0), (0,1), and (1,1), as one multinomial response (Skrondal and Rabe-Hesketh, 2004) . For example, if we want to model a direct dependency between item 2 and item 3, we modify equation (5) is to estimate the models under the assumption of local independence (and with year dummies as covariates) and select among the models that fit the data using information criteria. Then we relax the assumption of local independence for the selected model by including direct effects.
The parameters of the models are estimated using maximum likelihood with the likelihood function that is derived from the unconditional probability in equation (2).
Several programs are available to estimate latent class models; we use Latent GOLD.
A common problem estimating latent class models is the presence of local maxima. To address this problem, we estimated each model 10 times with 10 different starting values. For the selected model, we found two maxima and the solution with the largest log-likelihood appeared 7 times. We use this solution to obtain the latent classes.
In order to evaluate the goodness-of-fit of the models, we use the Pearson statistic that compares the observed frequencies of the response patterns to the expected frequencies based of the model. 3 Because of sparse tables, we apply bootstrapping. 4 We estimate each model for 500 replication samples using maximum likelihood estimates as starting values. We reject the model if the bootstrap p-value of the Pearson statistic is smaller than .05 (Eid, Langeheine, and Diener, 2003) . To select among models that cannot be rejected using the Pearson statistic, we use the minimum Bayesian information criterion (BIC) rule to select a model. The criterion is based on the log-likelihood of the model (LL) and accounts for the number of observations N and parameters to be estimated: BIC = -2LL + (logN)Npar.
3 Results of Latent Class Models
We apply latent class analysis to the responses to 18 indicators by 14,527 individuals. We also computed the Akaike information criterion (AIC = -2LL+2*Npar) and the consistent Akaike information criterion (CAIC = -2LL+[log(N)+1]*Npar). The AIC favors models with larger number of classes, a tendency that increases with the sample size. The CAIC favors models with fewer classes but this under-fitting declines with sample size. In our application, both the BIC and the CAIC indicate a model with seven latent classes is the best among the models that fit the data. that used by Glaeser, Laibson, and Sacerdote (2002) , henceforth referred to as GLS, so that later we can compare results.
6 GLS argue that because all of these variables are correlated, it is acceptable to choose a subset of them as a measure of social capital; their primary measure is the number of voluntary groups to which an individual belongs.
Latent class models allow us to use trust and fairness in addition to voluntary group membership to generate a typology of social capital.
Because the data contain multiple cross-sections from the GSS, we allow the probability that an individual is assigned to a particular social capital class to depend on the year the individual responded to the survey. 7 Table 2 presents fit statistics from the latent class models assuming from one to nine groupings. We present each model's loglikelihood, the associated BIC, number of parameters, and bootstrapped p-value. Using the bootstrap p-value, we find that models with fewer than 6 classes can be rejected. The minimum BIC rule indicates that the best model uses 7 classes. Once we selected a model with 7 classes, we relaxed the assumption of local independence. We modeled the responses to the indicators with the largest bivariate residual as a joint response and estimated the model. We repeated this process until the last direct effect was not statistically significant at the 5 percent level.
8 Table 3A presents class sizes (as a proportion of the total sample) and the conditional response probabilities for each indicator given latent class membership. To construct the class size measures displayed in the first row of Table 3 , we calculate the probability of membership in each class for each individual and assign them to the class for which they have the highest probability. In addition, by observing the differences in response patterns we can differentiate between latent classes. We discuss below the characteristics of each class and provide a summary of these characteristics in Table 3B .
Class 1, the largest class (about 41 percent of the sample), corresponds to individuals with very low probabilities of membership in any type of voluntary 6 We thank Bruce Sacerdote for graciously supplying the data. 7 The samples were taken in 1975, 1978, 1980, 1983, 184, 1986, 1987 through 1991, 1993, and 1994. 8 We include a total of eight direct effects. Membership in church organizations and membership in labor unions as well as membership in church organizations and membership in sport clubs show a negative correlation. The other six local dependencies show a positive correlation between sport and labor unions, youth clubs and sport clubs, school groups and youth clubs, hobby and sport clubs, school fraternities and fraternal organizations, and literary and hobby clubs. These direct effects are statistically significant at the 1 percent level. Individuals in Class 3 have higher probabilities of FAIR and TRUST than individuals in any other class but Class 2. In addition, the probability that an individual assigned to Class 3 belongs to a professional organization is relatively high, 56 percent.
Individuals in Class 4 also have high probabilities of FAIR and TRUST but are not as likely to belong to any type of organization except a church group (almost 76 percent probability). Among all individuals in the sample, individuals in Class 5 have the largest probabilities of belonging to unions, veteran, and fraternal groups (39, 34, and 39 percent respectively). Individuals in Class 6 have very low probabilities of FAIR and TRUST but, unlike Class 1, a relatively high probability of belonging to a church organization (around 52 percent) and between 20 percent and 30 percent probability of belonging to a youth organization, school organization, sport group, and professional organization. 1975, 1978, 1980, and 1984 are more likely to be in classes with high conditional probabilities for FAIR and TRUST than in the no social capital class. All other effects on the odds are not particularly large.
These results provide some supporting evidence for the claim made in Putnam (2000) that the amount of social capital held by Americans is declining, at least to the extent that social capital can be approximated by trust. 
Using Latent Classes to Study Social Capital Formation
In the previous section, we explained and demonstrated the construction of latent classes that measure an individual's social capital using GSS data. We argued that the classes we constructed provided a typology of social capital that capture the idea of networks embedded in the concept of social capital better than proxy variables such as trust or number of group memberships. In this section, we demonstrate the importance of these We use the same independent variables used by GLS (descriptive statistics are presented in Table 6 ) and present the coefficients from this estimation in Table 7 . The specification reported in Table 7 closely resembles a base specification of GLS in which they investigate how demographic characteristics are associated with the number of group memberships.
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Although GLS estimate OLS and IV models, we use a multinomial logistic regression because class membership is qualitative and unordered.
Before discussing the results of the multinomial logit model, it is worth noticing that
Hausman tests strongly reject the null hypothesis that any of the categories, that is, the latent classes, can be collapsed and that all categories are indistinguishable with respect to the independent variables in the model, giving support to the idea that the types of 10 We report results of only one of the several GLS specifications. We receive qualitatively similar results for all other specifications reported in GLS.
social capital we identified using latent class analysis are distinct and economically meaningful.
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Examined directly, the coefficients in Table 7 have limited interpretive value.
Therefore, in Table 8 , we report the change in the odds ratio that results from a one standard deviation increase in the independent variable. For example, the first row of column 3 indicates that the odds ratio of being in Class 1 vs. 2, ) 2 ( ) 1 ( class P class P , is .58 times larger when education increases by one standard deviation. In other words, higher education levels reduce the probability of being in Class 1 relative to Class 2. Similarly, the first row of column 5 indicates that ) 2 ( ) 1 ( class P class P is 1.41 times larger when the variable Black is increased by one standard deviation, suggesting that being black is associated with a higher probability of being in Class 1 relative to Class 2. As can be seen from these examples, cells in which the change in the odds ratio is less than one indicate a reduced probability of being in the class in column 1 relative to the class in column 2, while a change in the odds ratio that is greater than one indicates that the probability of being in the class in column 1 has increased relative to the probability of being in the class in column 2. 12 In Table 8 , we report only changes that are significant at the 5 percent significance level. Insignificant changes are associated with blank cells in the table.
The results in Table 8 indicate how individual-specific characteristics sort people into different types of social capital. Some particularly interesting comparisons are between Class 1 and Class 2 or between Class 1 and Class 6. For example, the odds comparing Class 1 (low membership, low trust group) and Class 2 (low membership, high trust group) indicate that individuals with high levels of education and income are less likely to be in Class 1 than in Class 2, while being black or female or over the age of 49 are associated with higher probabilities of being in Class 1 relative to Class 2.
11 A Hausman test also confirms that the assumption of the independence of irrelevant alternatives is valid. 12 These changes are calculated directly from the coefficients in Table 7 . For example, the Class 2 -Class 3 comparison in Table 8 for the variable education (column 3, row 7) is where the change in b is the difference between the coefficients for education for classes 2 and 3 in Table 7 . In other words, with a standard deviation for education of 3.15, the change in the odds ratio reported in Table 8 Looking at the comparison between Class 1 and Class 6, we see that higher income and education are associated with higher probabilities of being in Class 6 (low trust, relatively high membership) relative to Class 1 (low trust, low membership), but being married and younger increase the probabilities of being in Class 1.
Comparing among classes 3, 4, and 5, we see that, perhaps not surprisingly, women are much more likely to be in Class 3 than Class 5 (recall that Class 5 had much higher probability of belonging to a veterans group or a union). Education has also a strong substantive effect: individuals with higher levels of education are much more likely to be in Class 3 (the class with high conditional probability of membership in professional groups) than in classes 4, 5, or 6. This finding is particularly interesting because, in terms of number of memberships, these classes are fairly similar. Thus, an overall point to make about the results in Table 8 is that there are many socio-economic determinants that sort individuals into different types of social capital classes that have very similar average group memberships.
Our results can also speak to the commonalities between the classes. For example, individuals in both classes 1 and 6 have low values of TRUST and FAIR. The results in Table 8 suggest that one demographic characteristic that sorts individuals into these two "low-trust" classes is being black. Interestingly, however, this same demographic characteristic also sorts people into class 7, the high social capital class vs. classes 2, 3, or 4.
One of the hypotheses GLS obtain from the theoretical model is a negative association between social capital and income: if individuals with high incomes have a high opportunity cost of time, then we should find that high-income individuals belong to few groups. However, GLS find that, contrary to the implications of the model, there is a positive association between social capital and income. Our typology of social capital sheds some light on this issue. In particular, we note that some voluntary groups have high time commitments but low monetary costs (e.g., church or sport groups) while other groups (e.g., professional associations) have relatively low time commitments and high monetary costs in the form of membership fees. If individuals do take into account the opportunity cost of their time when accumulating social capital, then we should see that higher-income individuals should be more likely to join social networks with lower time commitments but higher monetary costs. Our results support this conjecture. When we compare classes 3, 4, and 5, we see that the odds that individuals are in Class 3, the class with the highest probability of professional memberships, rather than in Class 4 or Class 5 increase with income. Furthermore, the probability of being in Class 4, the class described by high probabilities of being in a sports or church group, declines with income. These results are consistent with the fact that individuals consider the opportunity cost of their time in decisions regarding social capital accumulation, a result that is impossible to uncover simply using number of group memberships as a measure of social capital. 13 These results are also broadly consistent with the argument in Skocpol (2003) that elite Americans have shifted the burden of civic engagement toward managed professionally-staffed organizations.
We turn now to another prediction of the theory that GLS were unable to support empirically-specifically, that the social capital of individuals should be positively correlated with the social capital of their peer group because of interpersonal complementarities in social capital accumulation. GLS are unable to document a statistically significant relationship between the number of memberships of an individual and the average number of memberships in that individual's peer group. However, we are able to find evidence for these interpersonal complementarities in social capital accumulation using our measure of social capital.
Specifically, following GLS, we define an individual's peer group by geographic location (primary sampling unit) and religion. For example, a peer group might be Baptists in Memphis or Catholics in Cleveland. Then, we calculate the average probability of membership in each class for that individual's peer group, excluding the specific individual from the calculation and dropping any observations for which there are less than five people in a peer group. We then use the average probabilities of membership for the individual's peer group as an explanatory variable. Now, the probabilities of peer group membership in each class vary by both individual and class.
In other words, for each individual there will be a separate probability of peer group membership associated with each class, in contrast to the other independent variables (e.g., age, education, income, etc.) that do not vary by class for each individual.
Therefore, rather than estimating a multinomial logistic regression, we must estimate a conditional logistic regression.
An additional econometric concern is the potential that omitted variables might create a spurious correlation between peer group values and individual values. We follow GLS and instrument for the probabilities of peer group membership with the average education, age, marital status and income of the peer group. (In this estimation the standard errors are bootstrapped.) Unlike GLS, however, even after employing instrumental variables estimation we still find significant effects of the peer group effects, indicating that there are interpersonal complementarities in social capital accumulation. Table 9 displays the results of the conditional logit model. Note that in the conditional logit model we estimate six coefficients for the individual-specific variables (education, income, and so on) but only a single coefficient for the class-specific variable (average class-membership probability). The positive and statistically significant effect of the class-membership probability for peer group provides evidence that interpersonal complementarities in social capital accumulation do exist. We believe that our stronger empirical results are a direct consequence of our improved definition of social capital that considers not just the number of groups, but the types of networks to which individuals belong.
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Conclusions
In this paper we motivate and demonstrate the use of latent class models to measure social capital. The empirical treatment of social capital that we propose links more closely the measurement of social capital with the concepts of social networks that underlie it. Latent class analysis treats different kinds of social capital as being qualitatively different and is consistent with an interpretation of social capital as an unobservable multidimensional construct. Furthermore, we show that this new treatment 14 The specification reported in Table 9 does not include state dummies because including them does not allow the maximum likelihood estimation to converge. GLS do include state dummies in the IV estimations they report. However the inclusion of state dummies is not driving the results: when we exclude state dummies from the IV specification reported in GLS, we do not find materially different results for the coefficient on peer memberships. Thus, the difference in results is not attributable to the exclusion of state dummies.
generates empirical results consistent with a theory of social capital accumulation that the standard treatment of social capital could not reveal. We replicate the models in Glaeser, Laibson, and Sacerdote (2002) . While Glaeser, Laibson, and Sacerdote measure social capital as the number of voluntary organization memberships individuals hold, we use latent class analysis to classify individuals into distinct types of social capital using both memberships and indicators of trust and fairness. Using the same data, we find peergroup effects that could not be identified previously. We also find results consistent with the hypothesis that individuals with high opportunity cost of time choose networks with relatively low time commitment and perhaps high monetary cost. Finally, we find that socio-economic determinants sort individuals into types of social capital that vary in the nature of the social network but not necessarily in the number of memberships forming the network.
This paper has focused on the accumulation of social capital at the individual level. We note that the typology of social capital we obtain from latent class models can also be used as an independent variable by entering a series of dummy variables indicating class membership. In addition, these methods could be extended to create aggregate data by examining the proportions of individuals that make up each class to explain the importance of social capital at the country level. In doing so, it would be important to consider the distribution of social capital as well-a highly fractionalized society with many different classes suggests that any one individual cannot have a great deal of social capital. Because fewer classes suggest fewer different social networks, the potential to accumulate social capital in these societies may be greater. A second approach to examine social capital at the country level would be to perform multilevel latent class models that derive simultaneously both country and individual segments based on individual-level responses (Vermunt, 2003 ). Research generating macro-level measures of social capital is currently in progress. Base category is Class 1. Estimated with 13,926 observations. Standard errors are in parentheses. **significant at the 5% level, *significant at the 10% level. Estimations also include, state dummies, dummies for religious affiliation, regional dummies, log of population, and dummy variables for babies, preteens, and teens in the household. Each cell gives the change in the odds ratio that results from a one standard deviation increase in the selected independent variable. The odds ratio is defined as the probability of belonging to the class in the Group 1 column divided by the probability of belonging to the class in the Group 2 column. Only changes that are significant at the 5 percent level are reported. Blank cells indicate the estimated change is not statistically significant. -.0437 (.2319) Estimated via instrumental variables estimation. Bootstrapped standard errors are in parentheses. **significant at the 5% level, *significant at the 10% level. Estimations also include, dummies for religious affiliation, regional dummies, log of population, and dummy variables for babies, preteens, and teens in the household. Peer groups are defined as religion by primary sampling unit cell (e.g., Baptists in Memphis). Membership probability of peer group is the average probability of membership in a particular class for the individual's peer group, excluding the individual. Instruments for membership probability of peer group were average age, education, income and marital status for the peer group.
